Lack of skills is arguably one of the most important determinants of high levels of unemployment and poverty. In response, policymakers often initiate vocational training programs in effort to enhance skill formation among the youth. Using a regression-discontinuity design, we examine a large youth training intervention in Nepal. We find, twelve months after the start of the training program, that the intervention generated an increase in non-farm employment of 10 percentage points (ITT estimates) and up to 31 percentage points for program compliers (LATE estimates). We also detect sizeable gains in monthly earnings. Women who start selfemployment activities inside their homes largely drive these impacts. We argue that low baseline educational levels and non-farm employment levels and Nepal's social and cultural norms towards women drive our large program impacts. Our results suggest that the program enables otherwise underemployed women to earn an income while staying at homeclose to household errands and in line with the socio-cultural norms that prevent them from taking up employment outside the house.
Introduction
In much of the developing world, unemployment among the youth is extremely high: youths (ages 16-24) comprise 40 percent of the world's unemployed while accounting for only 17 percent of the world's population (United Nations, 2012; ILOSTAT, 2017) . High unemployment is not only related to high poverty but also has a strong influence on other important social outcomes: it impacts crime rates (Blattman and Annan, 2016; Fella and Gallipoli, 2014) , depression prevalence (Frese and Mohr, 1987) , substance abuse rates (Linn et al., 1985) , and rates of social exclusion (Goldsmith et al., 1997) . Moreover, the low labor force participation of women is particularly pronounced in many regions of the world, resulting in female-specific consequences of unemployment and underemployment, such as low decision-making power in the household and domestic abuse (Majlesi, 2016; Lenze and Klasen, 2016) . Therefore, targeting youth unemployment with effective interventions, specifically taking female needs into account, is one of the highest priorities for low-income countries (World Bank, 2013) . Although there are numerous determinants for high levels of unemployment and poverty, lack of skills is arguably one of the most important (Heckman et al., 2004; Malamud and Pop-Eleches, 2010) . One common policy response in an effort to enhance skill formation among the youth is vocational training programs. To date, more than 700 youth employment programs from 100 countries have been implemented, and more than 80 percent of them offer skills training. 1 In this paper, we examine one of the largest youth training interventions in Nepal, which serves almost 15,000 poor and disadvantaged young men and women annually by subsidizing skills training and employment placement services. Despite the rapid expansion of skillenhancement programs across the world, this study is among the few to rigorously evaluate such a program in a low-income country. Youth employment rates (other than in subsistence agriculture and informal activities) are exceptionally low in Nepal. In particular, women face difficulties entering the non-farm sector or finding paid employment. In combination with a comprehensive advertisement strategy the training program was created to specifically target young Nepali women.
We examine the program's labor market outcomes based on quasiexperimental techniques. We use a large panel data set of three consecutive cohorts of applicants to the program. Program eligibility was based on individual scores determined by a standardized application procedure and a course-based threshold score. Therefore, we exploit the individualassignment scores to implement a regression discontinuity design. Because we find some evidence that the actual individual assigned score was manipulated in practice, we instead use application-form data to reconstruct the underlying score components and generate our own individual-based score. We then use the reconstructed forcing variable as an instrument for training to estimate the program impacts on compliers (LATE estimates) and as a treatment variable to estimate the programs intent-to-treat (ITT) effects.
We report three major findings. First, approximately twelve months after the start of the training program, the intervention generated an increase in non-farm employment of at least 10 percentage points (based on ITT estimates) and up to 31 percentage points for compliers (based on LATE estimates), both of which are heavily driven by women starting selfemployment activities inside (but not outside) their homes. The program also generated an average monthly earnings gain of at least 659 NRs (%9 USD) (based on ITT estimates) and up to 2113 NRs (%28 USD) (based on LATE estimates) for women. Second, in contrast to women, men do not significantly gain from the program along the extensive margin of nonfarm employment in the short run but do show an increase in earnings conditional on any employment of at least 698 NRs, which suggests that they use the program to upgrade their skills. Third, using a small subsample of the initial study population, we find suggestive evidence that 24 months after the start of the program, men have gained along the extensive margin with an increased non-farm (self)-employment rate of at least 19 percentage points, while female medium-term employment and earnings effects stay in a similar range compared to the short-term effects but, possibly due to the lower statistical power, turn insignificant. 2 Our program impacts stand in stark contrast to the vocational training literature from middle-income countries as these studies generally find small or no effects (McKenzie, 2017) . We highlight three explanations of this discrepancy and how they relate to the low-income country context of our study. First, differences in baseline educational attainment suggest that the magnitude of program effects might be very different in low-income countries than those found in middle-income countries. 3 High poverty rates often go hand-in-hand with low educational levels and, to the best of our knowledge, the baseline educational levels in our study sample are the lowest among the existing experimental and quasi-experimental literature. 4 Low baseline human capital implies a relatively steeper increase in output (and earnings) . This relationship between low human capital and large marginal increases in earnings may be further pronounced if gender inequality in educational attainment is high (see, e.g., Knowles et al., 2002; Klasen, 2002) .
Second, the measurement of outcome categories can also account for differences between results in middle-income and low-income countries. Low-income countries without institutionalized unemployment insurance are often characterized by a large agricultural and informal sector. The majority of individuals are involved in either subsistence agriculture or informal small-scale businesses as formal employment activities are unavailable (Nayar, 2011) . Therefore, unemployment, as it is known in high-income countries, is relatively rare, whereas underemployment is very widespread. Comparing effect sizes between low-income and middle-or high-income countries is further complicated by the fact that the program impacts found within the existing literature in middle-income countries is gauged by any employment or formal versus non-formal employment. 5 However, both of these criteria are generally not useful in analyzing low-income country samples. 6 Vocational training in a low-income country is unlikely to yield large employment effects on the extensive margin or on formal employment rates, but can generate large impacts on the intensive margin (hours worked) and on changes in sectorial composition of employment (farm versus informal non-farm employment), which is indeed the case in our study. Our estimated ITT impacts on the probability of any employment (4 percent, insignificant) or wage-employment (3 percent, insignificant) are in fact in line or smaller than the coefficients on wage-employment found in middle-income countries: for example, Attanasio et al. (2011) , Card et al. (2011) , and Reis (2015) find coefficients that range between 0 and 8 percent. 7 In contrast, our large effects on the probability of self-employment seem unique to the low-income country context. The few studies from middle-income countries that measure entrepreneurial activities usually find no impact on the probability of self-employment or on self-employment earnings (e.g., Attanasio et al., 2011; Maitra and Mani, 2017) .
Third, the fact that the impacts we detect operate mainly through female self-employment inside but not outside the house points to an 1 See Youth Employment Inventory (http://www.youth-employmentinventory.org/). 2 The increase in effect sizes from the short-to medium-term is in line with results of other studies: Lechner et al. (2011) find average treatment effects on the treated in the form of increased employment rates of 10-20 percentage points in West Germany. Also see Kluve (2010) , Card et al. (2010) , and Ibarraran et al. (2015) who find evidence of larger medium-term effects. 3 Betcherman et al. (2007) review findings from vocational programs around the world. The authors posit that programs from middle-income countries are generally more effective than programs from high-income countries, thereby suggesting that program effects may be even larger for vocational training in low-income countries. 4 Based on the program eligibility criteria, very few of the participants had completed higher than a 10th grade education (approximately 12 percent) and a total of 38 percent of individuals in our sample had only primary education or no education. This is dissimilar to other studies from middle-and low-income countries. For instance, Card et al. (2011) report an average of about nine years of schooling at baseline. Alzua et al. (2016) report that only 11 percent of the sample had primary education or lower, while 57 percent of the sample had completed secondary schooling or more. Hirshleifer et al. (2016) report, on average, eleven years of schooling at baseline. Maitra and Mani (2017) report that 45 percent of their sample had completed secondary education at baseline. Adoho et al. (2014) report 46 percent of their sample had attained an education level of 10th grade or above. 5 Formal employment is often defined as paid employment that is based on a formal contract and possibly comes with social security benefits like health care, pension, and/or injury compensation, etc. (see e.g. Attanasio et al., 2011) . 6 In our study, individuals employed in the formal sector make up only 1.5 percent of our sample at baseline and 2.5 at follow-up. In Adoho et al. (2014) , conducted in Liberia, only five to six percent of the sample is wage-employed at baseline, while formal employment is virtually non-existent. In contrast to these findings, Attanasio et al. (2011) report that in their sample, 7 and 12 percent of women and men at baseline are active in the formal sector, respectively; at the follow-up stage, these numbers are 23 and 38 percent for women and men, respectively. Hirshleifer et al. (2016) detect a share of 30-43 percent formally employed participants in the control group. 7 Overall, these studies provide skepticism regarding the cost-effectiveness of training programs (Almeida et al., 2012) . In contrast, the Liberia experiment, mentioned above, cost between $1200 and $1650 per beneficiary; although this is relatively high, the returns to self-employment training are also sufficiently large to recoup this cost within three years (Adoho et al., 2014) .
important dimension in how effect channels may differ across countries: social and cultural norms surrounding work. In traditional societies, women may be more confined by gender roles that constrain their involvement in the labor market. Restrictive norms regarding female labor force participation exist in many regions of the world, but they seem to be particularly strong for women in South Asia (World Bank, 2011; Asian Development Bank, 2015; Booth, 2016) . 8 Our results suggest that the program enables otherwise underemployed women to earn an income while staying at homeclose to household errands and in line with the socio-cultural norms that prevent them from taking up employment outside the house. Further, certain ethnicities or castes may face obstacles in utilizing their labor market potential as a result of discrimination by employers or lower access to education (Banerjee and Knight, 1985; Mainali et al., 2017) . If a vocational training program manages to unlock this latent potential by taking the unique needs of particularly disadvantaged populations into account-as has been done in the program studied here-it might unleash large employment and earnings potential, whereas, in the opposite case, a similar program might prove less effective (e.g., Cho et al., 2016) . Our paper makes three important contributions to the existing literature on vocational programs in developing countries. First, our paper provides evidence that large program impacts of vocational training programsparticularly in the low-income contextare possible, despite most of the existing evidence from middle-income countries suggesting otherwise. 9,10 Based on the experience of middle-income countries, only Maitra and Mani (2017) , Reis (2015) and Alzua et al. (2016) find positive impacts on the probability of any employment and any earnings in India, Brazil, and Argentina, respectively. On the other hand, Honorati (2015) , Card et al. (2010) , Attanasio et al. (2011 Attanasio et al. ( , 2015 , Ibarraran et al. (2015) , Hirshleifer et al. (2016) , Acevedo et al. (2017) , Diaz and Rosas (2016) , and Galasso et al. (2004) find either mixed, muted, or no impacts at all from vocational programs on various labor market outcomes. 11 That large effects may be particularly pronounced in low-income contexts is confirmed by two studies conducted in Liberia and Uganda 12 : Adoho et al. (2014) randomly assign a similar intervention like the one studied here and detect an increase of 47 percent in non-farm employment and 80 percent in earnings among young Liberian women. Similarly, Bandiera et al. (2017) find positive impacts on income generating activities of 48 percent (which were almost entirely driven by self-employment), but no positive impacts on wage-employment in Uganda. Our second contribution to the existing literature relates to the pattern of different returns to vocational training between women and men. Although Blattman and Ralston (2015) point to a stylized fact that proposes vocational training has higher returns for women, McKenzie (2017) reviews recent vocational training programs in low-income and middle-income countries and, in fact, argues that previous studies, which formally test for equality by gender, can either not reject similar impacts for men and women, or have found significantly higher impacts for men. 13 In stark contrast, our study does formally test for equality by gender and it unambiguously shows robust evidence that vocational training in our context yields higher returns for women. We highlight that our results are likely driven by the socio-cultural norms in Nepal, which shape gender roles that identify women with more restrictive characteristics and capabilities in the labor market compared to other country contexts in the training literature (e.g., Latin America). This exemplifies that generalizing heterogeneous impacts of policies such as the one investigated here should (if at all) be done very cautiously, carefully considering the relevant effect channels. Finally, our study underscores that measuring a wider range of employment outcomes, such as self-employment, may be necessary to comprehensively study the impact of active labor market programs. Even though formal employment per se is not affected by the vocational training in our context, we are able to identify some short run effects on women's self-employment that less comprehensive labor market surveys of previous studies may have missed.
The remainder of the paper is structured as follows. Section 2 provides background information on Nepal's labor market and details Nepal's Employment Fund training program and the intervention design. Section 3 describes the data, sampling strategy and sample characteristics. Section 4 presents the study design, and Section 5 describes the empirical strategy. Section 6 presents the results, and Section 7 provides various robustness checks. Section 8 concludes.
Background

The labor market in Nepal
Nepal's economy ranks among the world's poorest. In 2010, a quarter of the country's population lived below the national poverty threshold. The Nepalese economy is characterized by lack of formal sector jobs, a large informal sector, and wide-spread underemployment (affecting approximately half of the workers in the younger age groups), all of which contribute to very high poverty rates (ILO, 2004; Central Bureau of Statistics, 2009). 14,15 Based on the Nepal Labour Force Survey 2008, 74 8 Only one other quasi-experimental study in South Asia examines the impact of training programs on employment and earnings. Maitra and Mani (2017) evaluate a training program in stitching and tailoring offered to young women in New Delhi. They find that program participation increased employment by more than 5 percentage points, self-employment by almost 4 percentage points, and any employment by 6 percentage points. The program increased number of hours worked by approximately 2.5 h. However, the smaller effect sizes are based on ITT estimates, which are based on much lower compliance rates (56 percent) compared to our study (70 percent). Also, initial levels of wage-employment and education are higher in India as Nepalese socio-cultural norms regarding gender roles may be less restrictive in New Delhi compared to rural Nepal where most of our courses take place. 9 We use the World Bank income classification of countries from http:// databank.worldbank.org/data/download/site-content/CLASS.xls. 10 Most of the vocational training literature on similar programs in high-or middle-income countries finds low or insignificant effects (Card et al., 2010; Kluve, 2010; Dar and Tzannatos, 1999) . 11 Other authors document similarly sized impacts based on related active labor market policies such as wage subsidies (Galasso et al., 2004; Groh et al., 2016; Levinsohn et al., 2014) ) or search and matching assistance (Abebe et al., 2016a (Abebe et al., , 2016b Franklin, 2015; Jensen, 2012; Groh et al., 2015; Dammert et al., 2015; Beam, 2016; Abel et al., 2016; Bassi and Nansamba, 2017) or education-related interventions documented by Nikolov and Jimi (2018) . 12 Rigorous evidence of one other vocational program based in low-income countries exists: In Malawi, Cho et al. (2016) find no impacts on hours worked and no impacts on other employment outcomes. Yet, the authors explain that an unsatisfactory tailoring of the program to the needs of the target group in combination with large numbers of drop-outs are likely responsible for the low effects. 13 To the best of our knowledge, considering the rigorous evidence on vocational training programs, only Alzua et al. (2016) formally test for gender-disaggregated effects and find a difference: the authors document larger impacts for men. 14 Although no labor survey specifically collects informal sector data, some economic measures point to the size of the informal sector constituting more than two-thirds of the economically active population in Nepal (Suwal and Pant, 2009 that 21 percent of the individuals working less than 40 h per week are in fact able to work more and are therefore underemployed. Shortage of employment opportunities has generated a migration flow to urban areas and migration to other countries, especially to the Gulf States (Lokshin and Glinskaya, 2009 ). Nepal's net migration has registered an outflow of migrants near half a million for the period 2008 to 2012. During the same period, Nepal's net migration rate has exceeded the same number for the overall migration rate of South Asia.
percent of laborers work in the agricultural sector while 64 percent work in subsistence agriculture. Women are particularly underrepresented in non-agricultural employment. Although the Nepal Labour Force Survey 2008 reports a labor force participation of women (80.1 percent) that is similar to that of men (87.5 percent), approximately three quarters of employed women work in subsistence agriculture (compared to 52.9 percent of men), whereas only 26.2 percent are engaged in paid work (compared to 73.9 percent of men). Moreover, monthly earnings of female paid employees are much lower on average (NRs 3402 versus 5721 for men) (Central Bureau of Statistics, 2009). Low skills and high youth unemployment. The country's labor market outcomes can, to some degree, be attributed to low levels of human capital accumulation. According to the Nepal Labour Force Survey 2008, the total literacy rate for individuals of ages 15 years and above is 55.6 percent (70.7 percent for men and 43.3 for women). Only 22 percent of women and 29 percent of men have more than a primary education, and approximately half of the Nepalese have no formal schooling at all (Central Bureau of Statistics, 2009). These numbers are staggeringly low even in comparison to the human capital indicators of other South Asian countries and the rest of the developing world. For instance, in Latin America, where most of the available experimental evidence on the effectiveness of training programs in developing countries comes from, approximately 75 (50) percent of the population of age 15 (20) or above had completed primary (lower secondary) education in 2004 (UNESCO, 2007) . Moreover, lack of vocational skills is predominant among young Nepalese. Around half a million young people join the labor force each year, the vast majority of them being unskilled. Although the market demand for skills is high, access to vocational training is limited, particularly among the poor and disadvantaged groups.
Cultural and Social Norms Regarding Female Employment. A combination of low educational attainment and restrictive norms towards marriage, childbirth, and household duties generate multiple constraints for young women who wish to enter the labor market. These constraints are reflected in the different reasons that young men and women report for not participating in the labor force: although the majority of economically inactive men between ages 15 and 29 report that they are attending school (85.3 percent), only 43.9 percent of women of the same age group report school enrollment as their major reason. Instead, 41.6 percent of economically inactive women between ages 15 and 29 and even 80.1 percent of women between ages 30 and 44 report to be economically inactive because they have to engage in (unpaid) household duties, while virtually none of the men in these age groups state household duties as a reason for being absent in the labor market (Central Bureau of Statistics, 2009 ).
In addition, being bound to their households and families because of gender roles, women also face three broad gender-based employment barriers, which further complicate their economic well-being: restricted mobility, cultural norms, and societal norms regarding gender expectations for certain occupations. Largely influenced by Hindu philosophy related to men and women's positions in society, Nepal's socio-cultural practices differ by caste and ethnicities. For example, related to the first employment barrier, in southern Nepal (Terai and Madhesh) women are frequently confined to the household and are unable to travel outside of their immediate community for any work. Various proscriptions based on the Madhesi culture restrict females from leaving their homes. The second gender-related barrier relates to cultural norms that prohibit women from interacting with men other than their family members. For example, in conservative parts of the Terai districts, females who are trained as barbers are not employed due to cultural prohibitions against women touching men. The third gender-based labor market barrier relates to women who choose to train and work in traditionally maledominated occupations. In various typically male-dominated occupationsfor example, computer and television repair, auto body making and construction workcustomers frequently express doubts regarding the quality of skills of women assigned to such repair jobs. As a result of the societal difficulties women face, they remain engaged in unpaid, home-based labor to a large extent. Approximately 80 percent of the unpaid family labor force is female (Central Bureau of Statistics, 2009) .
In summary, the low educational levels and the shortage of skill training opportunities suggest that the return to obtaining additional trainingespecially for womenmay be particularly high in Nepal. With that said, training for women may only be successful if the program takes female-specific needs into account so that it can enable them to expand their economic activities while adhering to their social roles and the cultural norms of their communities.
The Nepal Employment Fund
Started in 2008, the Employment Fund (EF) is one of the largest skills training initiatives in Nepal. The program provides vocational training and placement services under a unique governance structure in cooperation with local training providers. The EF program subsidizes short-term market oriented skill training in combination with other services for disadvantaged young women and men. The fund's objective is to place trainees into gainful employment upon training completion. Each year, the EF sponsors about 600-700 training courses. The EF-subsidized courses are announced publicly in local communities with the intent to encourage potential candidates to apply. The applicants are then selected by a standardized procedure based on eligibility criteria. Available seats are restricted due to the limited capacity of training providers. As of 2010, the program operates at scale nationwide and covers 54 districts, providing training for over 65 occupations and has expanded in the consecutive years. Table 1 provides an overview of the total number of training events, trainees, and training providers for the time of our study period (2010) (2011) (2012) .
Program components. Admission to the program offers the trainees a bundle of services, where the core components are technical training (including certification) and job-search-assistance. Training courses in technical skills vary across a wide range of trades (e.g., incense stick rolling, carpentry, tailoring, welding, and masonry) and last from four weeks to three months. Each trainee is encouraged to complete a skills certification test offered by the National Skills Testing Board (NSTB). Upon completion of the classroom-based training, the EF emphasizes job placement services. Once the first training phase is completed, training providers are required to link trainees to trade-specific employers for six months of paid on-the-jobtraining. Providers often use their trade-specific networks of trainers and employers to find suitable internships for their graduates. Through the internship, trainees obtain immediate work experience as they apply their learned skills in the market and, subsequently, strengthen their social capital and contacts with potential employers. In addition to the core components of the program, all females receive 40 h of life-skills training (started in 2010 and fully implemented in 2011). The 40-h training curriculum covered topics such as negotiation skills, workers' rights, sexual and reproductive health and discrimination response. A subset of trainees also received a short course in basic business skills.
Outcome-based payments. Training providers are rewarded for their services in three installments based on a set of pre-determined outcomes. Notes: More events were sampled than conducted in Jan-Apr 2011 because some events that were scheduled for Jan-Apr were delayed and did not start on time.
A provider qualifies to receive full paymenti.e., the full price of the training and services provided plus a bonus based on whether the trainee belongs to a vulnerable groupby a set contract between the EF and the training provider. The contract stipulates that all accepted trainees must successfully complete their skills training and sit for a skills test given by the Nepal National Skills Testing Board (NSTB). When trainees complete the test, providers obtain their first installment (40 percent of total payment). Upon the exam completion, providers are expected to ensure that graduates remain continuously employed for the next six months and that they earn above 3000 NRs per month ("gainful employment"). The EF verifies three months and six months after training completion whether or not trainees are gainfully employed. If the verification process is successful, the training provider obtains the second and the third installments (25 percent and 35 percent of total payment, respectively). 16 The cost for training and employment services is pre-financed by the providers and is reimbursed to them only when they accomplish the outcomes in their contract. Therefore, training providers bear the risk of losing their investment if they are unsuccessful in training and placing their trainees accordingly.
Targeting disadvantaged groups. Three factors comprise the eligibility criteria for all EF-sponsored training programs: age (from 16 to 35), education (below SLC, 17 or less than ten years of formal education) and low self-reported economic status. Only applicants who meet all three criteria were viable for being short-listed in the admission procedure. Furthermore, and as mentioned above, providers receive a bonus payment for successfully training and placing candidates who belong to particular disadvantaged groups. 18 The bonus payment is calculated as a percentage of the full cost of training and services provided and is issued proportionally together with the three installments described above, as long as the particular requirement for each installment is fulfilled. A provider receives a bonus payment of 40 percent of the base cost of training for a man who is poor and 50 percent for a man who is poor and belongs to a disadvantaged group. A provider further receives a bonus payment of 70 percent of the base cost of training for a woman who is poor and 80 percent for a woman who is poor and belongs to a disadvantaged group. 19 In 2010, the EF, partnering with the World Bank, made additional efforts to specifically target young women aged 16 to 24. Training under the Adolescent Girls Employment Initiative (AGEI) proceeded in the same way as it did for other EF trainees, except that certain events had been flagged in advance as likely to attract female trainees. In addition to regular training course advertisement, the EF sponsored radio and newspaper ads specifically geared towards young women. Many of these ads specifically encouraged women to sign up for traditionally male trades, such as mobile phone repair, electronics, or construction.
Data
Sampling
We used two primary sources of data. First, we used data from training application forms and the selection procedure of EF-sponsored training that covered three consecutive cohorts of applicants (from 2010 to 2012). Second, we conducted individual (applicant) and household surveys with two rounds of data collection for each cohort. For the 2010 cohort, a second follow-up was conducted on half of the cohort. Fig. 1 shows the survey timeline.
Sampling into this study included a combination of stratified, random, and convenience sampling and was done in two consecutive steps. For each cohort, the first step consisted of a selection of training events, and the second step consisted of selecting individuals according to standardized procedures. The event sampling-frame for this study 16 Employment status of a randomly selected sample of graduates is verified by EF field monitors. 17 The School Leaving Certificate (SLC) is obtained after successfully passing examinations after the 10th grade. To be eligible, EF applicants must have not taken, or not passed, their SLC exams. This criterion has been loosened for some trades starting in 2012. 18 Disadvantaged groups are defined by the EF as people belonging to the Dalit community, ex-combatants, internally displaced, widows (only women), disabled, HIV/AIDS infected, and formerly bonded laborers. 19 Poverty is defined as less than six months of food sufficiency for farm households or less than 3000 per capita family income, from non-farm based income.
consisted of all training events from the universe of the EF funded trainings that occurred between January and April of each year. Events were grouped into clusters of close-by districts before sampling for survey administrative reasons. We then randomly sampled up to 15 district clusters in each of the three years, respectively. Furthermore, from the list of training events that took place in these district clusters, we randomly selected 20 percent. Because of the focus on young women in this study, events that were likely to include more young women (identified by training providers) were purposely oversampled in 2011 and 2012. In 2010, because a complete event listing was not available in advance, the events were not chosen randomly but by convenience, based on scheduling and accessibility. Table 1 details the resultant sample of events for the three cohorts.
The 2010 sample comprised 65 events across 12 districts. The 2011 sample comprised 182 events, of which 113 events were dropped from the baseline survey, either because the survey team could not reach the event on the day of applicant selection (usually due to weather conditions) or because the event was not "oversubscribed". 20 The remaining 69 events in 28 districts were included in the 2011 baseline sample. In 2012, 85 out of 112 sampled events covering 26 districts were included in the study sample. Fig. 2 depicts the study areas by survey.
To sample applicants, a survey team visited each sampled training event on the day when applicant selection happened. The sampling of applicants was based on the standardized interview procedure that was used to determine training assignments. During the assignment procedure (which we will describe in more detail below), applicants received scores in five different categories that were added up to form a total score. A ranking sheet was then used to list applicants from the top scorer to the bottom scorer and indicated the threshold (i.e., minimum score) for admission to the course. The individuals we study comprise a subset of the ranked individualsthose who fell in the range of 20 percent below or above the threshold. Immediately following the sampling of applicants but before the results of the selection process were announced, a baseline survey was administered.
The sampling procedures resulted in a study sample of 4677 individuals across all three cohorts at baseline, see Table 2 . For the first follow-up surveys, we were able to track and successfully interview 88 percent of the baseline survey respondents, yielding a panel for analysis of 4101 individuals. 21 Because training courses vary in length from one to three months, the follow-up survey examines outcomes nine to eleven months after the end of the training. The EF itself conducts follow-ups with a sample of participants up to six months after the training to verify employment and earnings. This is also the time point when providers receive their last payment installment. Hence, our first follow-up survey occurs three to five months after the training evaluation and the treatment group's last contact with the program. Notes: The second follow-up survey for the 2010 cohort was conducted on a reduced (randomly selected) sample of 800 individuals. Out of those, the survey team was able to interview 634 individuals (79.5 percent) who were also interviewed at baseline. 20 Oversubscription was necessary to obtain a sufficiently large "quasi"experimental control group as detailed in the description of the applicant sampling below. The survey team was instructed to drop the event from the sample if there were not at least three rejected candidates who could be sampled for the control group (i.e., at least three candidates that fell within 20 percent of the threshold score). 21 The reasons given for loss to follow-up for the 2010 and 2011 cohorts include: inability to track the household (11 percent), no one in the household during multiple visits (15 percent), refusal (8 percent), respondent migrated for work within Nepal or abroad (8 percent), respondent migrated after marriage (10 percent), or other (40 percent).
Sample characteristics
We present an overview of baseline characteristics in Table 3 . Eligibility to apply for EF-sponsored training courses was restricted by age, education level, and poverty status; therefore, individuals in our sample are on average young, low educated and relatively poor. For the pooled sample (i.e., 2010-2012 cohorts), the study population has an average age of 24 years and is 63 percent female. A total of 38 percent of individuals have either have no education or only primary education. Approximately 61 percent of the sample engaged in some incomegenerating activity in the month prior to the survey. When we restrict to non-farm income-generating activities, the employment rate falls to 30 percent. The average number of hours worked in the month previous to the survey was 69. At baseline, the average monthly earnings were 1269 NRs in the month prior to the survey (equivalent to about 17 USD). This figure appears low as it represents the average earnings over the entire study population of 4677 individuals, including those with zero earnings. Earnings conditional on any income generating activity were 2082 NRs. Only 18 percent earned more than 3000 NRs per month, a level deemed to represent "gainful" employment. Furthermore, only 18 percent of the sample was already engaged in the same trade as the training to which they applied, denoted as "trade-specific income-generating activity (IGA)", indicating that a significant minority of applicants had been looking to upgrade existing skills.
Generally, women have lower paid employment levels and earnings at baseline. Forty-seven percent of women engage in activities inside the house that yield some income (e.g., self-employment activities), while only 36 percent of the women engage in paid activities outside the house. In contrast, 59 (69) percent of men engage in paid activities inside (outside) the house. Also, men (69 percent) are more likely than women (56 percent) to carry out unpaid work outside the house (e.g., helping relatives); however, more women carry out unpaid work inside the house (e.g., household chores, child care). Almost all women (94 percent) work in the household without pay for at least 5 h a week, whereas this is only true for 61 percent of men. Furthermore, 55 percent of the women work more than 20 h per week inside the house without pay, which is only true for 12 percent of the men in our sample.
Study design
Admission to the program was based on a calculated score for each applicant and coupled with a course-specific threshold score. For each course, applicants with scores above the threshold were assigned to the training program, whereas applicants whose scores fell below the threshold were not assigned to the program. To form a sufficiently large quasi-experimental control group, training providers were advised to shortlist at least 50 percent more candidates than the number of spaces available in the training event. The assignment procedure followed streamlined guidelines, including a detailed scoring rubric, instructions for ranking the shortlisted candidates by score, and selecting the topscoring candidates for admission to the program.
The individual score used in ranking candidates consisted of five subscores based on: (a) applicants' trade-specific education (prerequisite, 15 points), 22 (b) applicants' economic status (up to 20 points), (c) applicants' social caste, gender, and special circumstances (up to 25 points), (d) development status of applicants' district of origin (up to 10 points), and (e) a score determined by a selection committee during an interview procedure (up to 30 points). Sub-scores for the first four components were determined based on the information each applicant provided in his or her application form (shown in Fig. A1 in Appendix A). The application form lists the exact questions upon which the distribution of scores was based. Tables A1 and A2 show how these criteria were converted into numeric scores within each of the four categories. Based on the aggregated four-component score, candidates were short-listed and invited for an interview. The fifth sub-score was determined based on an interview with a three-to five-member committee comprised of representatives from the training institution and potential employers. Moreover, representatives of the survey firm and/or the donor institutions (e.g., EF, World Bank, etc.) were usually present to observe the procedure. The selection committee jointly decided on the fifth sub-score by assessing the candidate's commitment, motivation, attitude, aptitude, and clear vision for employment and enterprising. Eventually, the selection procedure yielded a total score for each individual by summing across the five components. Possible total scores ranged from 0 to 100.
Admission in each course was then based on candidates' decreasing rank; available seats were assigned starting with the top-scorer. Therefore, the threshold in each course was based both on the distribution of candidates' scores and on the number of pre-determined available seats. Because the distribution of scores and the number of seats determine the selection process, the threshold score varies for each course, something we take into account in the empirical strategy described in Section 5. Fig. A2 displays a sample ranking form used by training providers. 23 Although eligibility for training, based on the actual score, influenced the likelihood of training course enrollment, individual assignment to training was not automatic as it was originally envisioned for two main reasons: noncompliance and manipulation of the assignment procedure. We discuss the implications of these two factors in the remainder of this section.
As we examined the compliance with the selection process, we found that approximately 30 percent of the group assigned to the program did not take-up the training opportunity (possibly due to taking up other training or employment opportunities), whereas 32 percent of the nonassigned applicants did. These take-up numbers can be explained by a simple process in which seats not taken by individuals assigned to training were then given to individuals who were not originally assigned to training but rather next in line based on the ranking form. In the regression discontinuity estimation setup we use, an important step is to examine whether and how the probability of treatment jumped at the threshold. To account for the course-specific threshold, we subtract each individual's assignment score by the course-specific threshold score, whereby we obtain a standardized relative score around the cut-off of zero. We then plot the probability of treatment against the relative assignment score. Fig. 3 's left graph shows the results of this procedure. The plot reveals a clear jump in the probability of program participation at the cut-off. As expected, the jump is less than one, a fact that we incorporate in the estimation strategy we follow.
To assess possible manipulation of the admission procedure, we plot the density of the relative score (shown in the left graph of Fig. 4 ). The plot reveals discontinuities in the distribution of the score around zero, which suggests that candidates' scores may have been manipulated to shift certain individuals across the assignment cut-off. In our scenario, such precise manipulation of the score was virtually impossible for candidates themselves, as it would have required access to the ranking form after the official selection procedure was completed and the coursespecific threshold score was determined. 24 In contrast, providers may have had the opportunity to precisely alter the scores of those candidates who seemed favorable to them. 25 Although the selection committee included several persons from different interest groups and was designed to avoid this type of manipulation on a large scale, we cannot rule out the possibility that providers were able to manipulate the ranking sheet after the official selection procedure was completed. Because possible manipulation of the score can bias our estimates, we specifically address this manipulation issue by reconstructing the assignment score, which we describe in more detail below.
Empirical strategy
To estimate program effectiveness on labor market outcomes, we use a non-parametric regression discontinuity strategy by running local linear regressions. Specifically, we estimate local average treatment effects (LATE) for the people who comply with the assignment status, intent-to-treat (ITT) effects, and heterogeneous effects by gender and trade within these two frameworks. In the following section, we describe the estimation strategy, the bandwidth selection, and how we reconstruct the assignment score. 26
Treatment effect estimators
Local Average Treatment Effects (LATE). To address imperfect compliance to treatment, we employ a fuzzy regression discontinuity setup similar to the one proposed by Hahn et al. (2001) . We run the following first-stage equation:
where the treatment dummy D i indicates whether or not an applicant i has received training, and T i is the excluded instrument, specifying whether an applicant has been assigned to training (i.e., whether the absolute assignment score X i of the applicant is greater than or equal to 24 Lee and Lemieux (2010) distinguish between precise and imprecise manipulation. While applicants were certainly able to manipulate the information they gave in the application form, aiming to raise their score, the forms were filled out long before the course threshold was determined, which only happened once all candidates were interviewed, which, as mentioned earlier, occurred after the application forms were submitted to the providers. Applicants' control over their score was therefore imprecise, which is actually what sorts them randomly around the cut-off. It is, therefore, not a threat to internal validity and not likely to have caused the discontinuity in our graph (Lee and Lemieux, 2010) . 25 Based on the above described payment scheme, providers had a motive to select candidates for the program who seem most employable or most disadvantaged. Also, favoritism or bribes from otherwise rejected candidates may have played a role in the manipulation. 26 We follow the practical guidelines for regression discontinuity designs in Imbens and Lemieux (2008) and Lee and Lemieux (2010) .
the threshold score t of the respective course c he or she applied to). Furthermore, the forcing variable ðX i À t c Þ is the applicant's relative assignment score (i.e., it is the difference between an applicant's absolute assignment score and the threshold score t c of the course). The predicted values of D i are then used to run a second stage equation:
( 2) where γ 1 captures the local average treatment effect or the treatment effect for the compliers, and coefficients γ 3 and γ 4 represent the different slopes of the linear regression line left and right of the cut-off, respectively. In both equations, we have added the absolute assignment score as a control variable to account for the heterogeneity in the cut-off values across courses. 27 It is important to note that the LATE estimate is not necessarily equal to the population average treatment effect, as it is based only on those candidates who comply with program assignment. In our sample, it is likely that compliers actually have higher returns to additional education compared to the average individual, an assumption that we further explain in the results section below. We interpret the LATE estimates as the upper bound estimates of the program impacts.
Intent-to-treat effects (ITT). The overall program effect (regardless of compliance) is of policy relevance. In an attempt to deal with the issue that the complier population might differ from the full sample, we employ an intent-to-treat regression discontinuity set-up in which we treat assignment to training as the treatment variable. We estimate the reduced form equation:
where T i is again an indicator that represents whether an applicant has been assigned to training or not. The coefficient δ 1 can be interpreted as the non-parametric local intention-to-treat effect (Lee and Lemieux, 2010) or the effect of training assignment on outcomes. This effect is likely lower than the population average treatment effect in our scenario because several candidates in the assigned group have not been trained, while several people in the non-assigned group have received training-likely biasing the estimate, δ 1 ; towards zero. We, therefore, interpret the ITT effects as the lower bound estimates of program impacts.
Heterogeneous local average treatment effects (HLATE). Because treatment heterogeneity has important implications for eliciting the mechanisms through which the program operates, we estimate heterogeneous local average treatment effects (HLATE) based on the framework proposed by Becker et al. (2013) . In particular, we estimate a two-stage procedure similar to the one described above with a second stage represented by the equation:
where H i is an indicator for the subgroup. In the first stage, we use the predicted probability of training and its interaction with the subgroup indicator as instruments for D i and H i D i .
Additionally, we estimate heterogeneous ITT effects by adjusting Equation (3) to include the subgroup dummy H i and its interaction with the assignment indicator.
Determining bandwidths
For choosing the optimal bandwidth we follow Ludwig and Miller (2007) who suggest a cross-validation procedure to find the optimal balance between precision and bias. 28 The cross-validation procedure chooses relatively large bandwidths in our sample, which in some cases include almost all candidates. We provide plots of the cross-validation functions for all our main outcomes in Figs. A4 and A5 of Appendix A. In a robustness section below, we further investigate the sensitivity of our estimates to the choice of bandwidth.
Reconstructing the assignment score
In an ideal case, we can examine the effect of training provision on outcomes by using the individual scores assigned by the providers during the interview procedure. The discontinuity in training assignment induced by the threshold score should theoretically generate an exogenous change in the probability of training, holding individual characteristics constant. However, and as mentioned previously in Section 4, we have a reason to believe that training providers were influencing the assigned scorespossibly in response to the payment structure, which rewarded training completion and trainee placement over drop-outs and non-placed trainees. Therefore, manipulating the individual scores is likely to be related to unobserved individual characteristics, and, therefore, likely to bias the estimates of interest (McCrary, 2008) . Which direction this bias takes is not obvious. It is likely that applicants who seemed particularly employable were favored by providers, in which case our estimates would be upward-biased. On the other hand, it is also conceivable that providers favored disadvantaged groups, as successfully training those groups was also incentivized with higher final payments. Finally, we cannot rule out the possibility that manipulation may have been the result of bribery or favoritism toward friends or relatives in which case the direction of possible bias could go in either direction. To determine the size and the direction of the potential bias, we run balancing tests on relevant characteristics at the baseline using the LATE and ITT specifications described in Section 5. Specifically, we examine the balancing of the outcome variable of interest at baseline in response to potentially influential characteristics such as age, education, gender, and ethnicity, which are likely to determine labor market outcomes. We report these balance tests in Table 3 . The difference tests reveal that the initial assignment, based on the original scores, does not perform very well in balancing relevant covariates or labor market potential at baseline. Assigned individuals are more likely to be male, less likely to be of Dalit ethnicity, more likely to have engaged in a non-farm wage-employment activity in the past month, more likely to have worked more monthly hours, and more likely to exhibit higher initial earnings. In accordance with the incentivized payment structure, providers seem to have shifted those candidates across the threshold who appear to have been more employable. Moreover, given the imbalances of gender and Dalit ethnicity, which are in contradiction with the EF incentives to focus training on vulnerable groups, it seems possible that providers may have used score manipulation as a risk reduction or risk diversification strategy. Overall, we conclude that using the original score will most likely bias our results upwards-for the estimation of treatment effects-as a result of its manipulation.
To overcome this challenge, we follow the approach by Miller et al. (2013) who reconstructed the 'actual' individual-specific score from survey data. Currie and Gruber (1996a, b) , Cutler and Gruber (1996) , and Hoxby (2001) also follow this approach. As we cannot exactly be sure which of the sub-scores have been subject to manipulation by the training providers, we reconstruct all five of them and later aggregate them to 27 Based on suggestions in Cattaneo et al. (2016) , we ran a graphical analysis that aggregates courses by the absolute threshold value to fully exploit all the information available by our multi-cutoff setup and explore how treatment effects may vary based on this on this (see Fig. A3 in Appendix A). Unfortunately, our sample size is not large enough to draw robust conclusions from this analysis as the confidence intervals in the graphs are relatively large. However, some of the graphs do suggest that the program may have been less effective in courses with relatively higher thresholds (i.e., courses that are likely to be located in particularly poor areas or frequented by particularly poor or disadvantaged applicants). 28 We apply the user-written program rdbwselect provided by Calonico et al. (2014) to estimate the cross-validation functions that determine our bandwidths.
obtain a new total score. We use data from candidates' original application forms to assign three out of five sub-scores. As described above, this data is necessarily free of precise manipulation, as the forms were filled out long before the ranking sheet and the course thresholds were determined. Fig. A1 in Appendix A shows the section of the application form that contains the relevant applicant information. We assign points based on this information as well as the exact scoring rubric used for the original score (see Table A1 and A2).
For the remaining two score components, we follow two different strategies. The first sub-score refers to the applicants' trade-specific education and was initially meant to be 15 for all short-listed candidates. Usually, if candidates did not fulfill the course-specific education prerequisites, they were not eligible for short-listing and immediately rejected. However, in exceptional cases (approximately nine percent of the sample) this criterion was not adhered to and instead applicants received 0, 5, or 10 points. We, therefore, reconstruct the first component based on an OLS specification that regresses the original first sub-score on candidates' general and course-specific education attainments, each interacted with a set of course dummies. To avoid the estimation bias induced by the aforementioned manipulation, we remove all candidates from the model who fall within five index scores of the cut-off (where most of the manipulation took place). 29 We then predict the outcomes (including all candidates) and round them to values that are factors of five in order to reflect the original distribution of the first sub-score.
For the fifth score component, the selection committee was supposed to assess employability and non-cognitive qualities of the applicants to rate their overall probability to successfully complete the program. If precise manipulation was applied to an applicant's fifth sub-score, it was likely carried out vis-a-vis the sum of the other four sub-scores, which were available at the time of the interview. Given the scoring rubric in Table A1 , candidates who are better educated, less poor, less disadvantaged, and from a more developed district are ranked relatively lower, but may have higher potential to be successful in the labor market after training completion and, therefore, might be the more interesting candidates for the providers. If this is indeed the case, the incentive for manipulation would be positively correlated with the first score component and negatively correlated to the following three sub-scores. In other words, the higher (lower) the first (second, third, and forth) component-score, the higher the incentive is for the provider to secretly add points onto the applicant's fifth score in order to shift him or her over the threshold. In order to substantiate these considerations, we regress the manipulated fifth sub-score on the first four sub-scores and a set of course dummies. Results are presented in Table A3 of Appendix A. We find that the first four score components predict the interview score as expected (Column 1 and 2). In Column 3 we also add all possible interaction terms created from the four sub-scores of the model, which slightly improve its predictive power. Assuming that candidates' commitment and motivation are not (perfectly) correlated with education, being poor or being disadvantaged, the residual of this regression should now contain some relevant information on the selection committees' assessments of the candidates' aptitudes. We, therefore, use the predicted residual of the model in Column 3 to create the fifth component in the reconstructed assignment score.
Because the points in the first four components were originally distributed by factors of five, we divide all score components by five to smooth the score and to minimize the heaping at multiples of five found in the original score. The final reconstructed score, therefore, ranges from 0 to 20.
Simulating the assignment threshold
The assignment indicator we need for our analysis is not only determined by the individual scores, but also by the course-specific threshold score, which is likely to be affected by the manipulation of providers as well. 30 To construct a valid instrument, we re-estimate the threshold scores for each course following the approach proposed by Miller et al. (2013) . 31 The authors' proposed approach depends on finding the optimal assignment variable based on a simulation exercise that maximizes the number of compliers given the reconstructed individual scores in a given course. Specifically, for each course, we run a set of simplified first stages similar to the one in Equation (1). We subsequently alter the threshold score, used to create the assignment dummy variable, T i , from the lowest to the highest possible value. We then keep the threshold rule out of all possible assignment thresholds based on the specification that yields the largest R 2 for the respective course. Based on this optimal threshold, we proceed with calculating a reconstructed relative score, which serves as our new forcing variable.
Balancing performance of the reconstructed score
Our empirical approach assumes that no individual characteristics (other than vocational training enrollment) that could influence the outcomes of interest vary discontinuously across the estimated eligibility thresholds. As a first cut, and to assess whether the reconstruction of the score improves the differential sorting around the cut-off, we provide graphical evidence with respect to the density of the new forcing variable in Fig. 4 (right graph) . The density plot is significantly improved and does not appear to be discontinuous around the cut-off. We also employ the same balancing tests as before, now using the reconstructed score variable. Table 3 's last two columns report the results. The new score successfully removes the imbalances we previously detected in all outcome variables as well as in the demographic characteristics at the baseline. Consistent with our assumption, estimates are not generally distinguishable from zero, except for the variables of age and Dalit ethnicity. In Figs. 5 and 6, we present additional graphical evidence that outcomes and demographic characteristics are continuous around the cut-off of the running variable at baseline, except age and primary education. Age, being Dalit, and primary education are (practically) time-invariant characteristics in our sample. We, therefore, address the remaining unbalancing by following an estimation strategy on differenced outcomes.
Additionally, we show evidence in Figs. 5 and 7 that the subgroup indicators we use to estimate heterogeneous treatment effects (i.e., an applicant's gender and the trade of training) are continuous across the threshold. This continuity across the threshold confirms that assignment status is not correlated with interaction variables around the cut-off, which is an important condition necessary for the estimation of unbiased heterogeneous treatment effects in the regression discontinuity setup (Becker et al., 2013) .
Results
Program effects on employment and earnings
We now turn our attention to the impact on the combined 2010, 2011 and 2012 samples based on the specifications described in Section 5. Table 4 , Panel A shows the local average treatment effects (LATE) estimated from Equations (1) and (2) -i.e., the effects the program had considering those individuals who complied with their assignment status for employment and earnings on differenced outcomes using the 29 The treatment effects presented below are qualitatively and quantitatively robust to a number of alternative specifications, including the use of a different range of index scores to drop individuals, or adding other baseline characteristics to the model. original score. We find relatively large estimates across all outcomes, including significant (conditional) employment effects of 22-61 percentage points, as well as average earning gains of more than 3000 NRs. The F-statistics (which range from 32 to 67) and the highly significant coefficients of the assignment variable (β 1 ) presented in the same panel suggest a strong first stage. However, as pointed out earlier, the estimates are likely to be biased upwards because the possible manipulation of the original score variable led to unbalanced individual characteristics and outcome variables at baseline.
Therefore, in Panel B, we use the reconstructed score, which led to a significantly improved covariate balancing. The first stage is very strong with F-statistics ranging from 38 to 88 and coefficients of the assignment variable (β 1 ) that are statistically significant at the 1-percent level. Comparing the effect sizes of Panels A and B (first rows, respectively) reveals that manipulation resulted in a strong upward bias in almost all outcomes. Using the corrected score, we no longer find evidence of a statistically significant impact on the employment rate, measured by whether individuals self-report any income-generating activities in the past month (Column 1, Panel B) . When we restrict attention to employment in all non-farm activities, we find a lower but still statistically significant increase (Column 2, Panel B) . The rate of participation in nonfarm income-generating activities increases by 31 percentage points (from a base of 29 percent) as compared to 52 percentage points from using the manipulated score (Column 2, Panel A). Converting the results in percentage change terms, we find that the program increased non-farm employment by almost 94 percent. These impacts are not only statistically significant, but they are also economically meaningful. Disentangling these impacts into wage-and self-employment activities suggests that the effect is strongly driven by self-employment activities. The program increased non-farm self-employment by 30 percentage points, whereas we do not detect statistically significant impacts on nonfarm wage employment rates (Columns 3 and 4, Panel B). We also examine the trade-specific income generating activity (IGA) ratethe percent of individuals who find employment in the same trade as the training that they applied forand we find impacts of 40 percentage points (Column 5, Panel B). The increase in the employment rate within the same occupational fields for which the individuals trained implies that the skills trainees acquired in the vocational training part of the program were useful in starting employment activities within their respective trades. The EF program also led to improvements in the underemployment rate (i.e., cases in which people are working fewer hours than they wish). Column 6 of Panel B shows that the EF-sponsored training courses increased hours worked in IGAs by 49 h per month (i.e., a 71 percent increase).
When we examine program impacts on monthly earnings using the corrected score, we find that effect sizes are about two-thirds of the estimates in Panel A. The reported results still show large program impacts (Columns 7 to 10, Panel B). We measure earnings as an individual's total earnings in the past month, including income from all IGAs, but not including unearned income. 32 We observe a statistically significant increase in monthly earnings for the treatment group by 1754 NRs (%23 USD), from a baseline average of 1260 NRs. Once we Notes: Standard errors adjusted for clustering at event level reported in parentheses. Each cell represents an estimate from a separate regression, which includes the total score, the relative score (forcing variable), and an interaction of the relative score with the assignment variable as counterfactuals, as well as a constant. For comparability, Panel D estimates and follow-up means are conducted within the same bandwidths as in Panel B. Assigned/Non-assigned group means are based on the reconstructed score. Non-farm wage IGA and Non-farm self IGA are only available for 2011 and 2012 cohorts. ***, **, and * denote significance at the 1, 5, and 10 percent level. 32 If an individual did not work for pay in the past month, his/her earnings are recorded as zero.
restrict earnings only to those individuals who engage in an income generating activity, we detect an increase in earnings by 2025 NRs (%27 USD), from a baseline average of 2075 NRs. In percentage terms, the increases in earnings translate to 140 and 98 percent, respectively. With alternative measurements of earnings, we also detect large program impacts. To account for the highly skewed nature of earnings distributions, we examine for impacts on logged earnings and find very sizable increases. In a third approach, we consider the proportion of participants who earned a "decent living." The EF considers 3000 NRs per month (%40 USD) as "gainful employment" or "being productively employed." At baseline, only 18 percent of the sample was gainfully employed. The EF training program increased this rate by 31 percentage points.
In Panels A and B, we use differenced outcomes to address the (remaining) disparities in participant characteristics we observed at baseline. In addition, the results reported in the discussion above are based on individuals who complied with their assignment status and, as a result, may differ from individuals in the full sample. In Panel C and D, we examine how altering these two features-that of differenced outcomes and the existence of compliers-affect our results. When comparing the estimates on differenced outcomes and on outcomes in levels, (Panel B versus C) using the reconstructed score, the difference in effect sizes is minor across most results. The most important difference we detect is on the variable that captures conditional earnings (Column 10, Panel C), which increases by approximately one-third compared to the estimate from the differenced outcome in Panel B. While the assigned group is slightly younger on average, they are also less likely to be Dalit than the rejected group. Older individuals may have been employed in a particular IGA for a longer time or, in general, may have more work experience, which is likely to lead to a higher level of earnings. On the other hand, individuals of Dalit ethnicity face substantial discrimination in the labor market, which likely makes them earn less compared to non-Dalits. The reduced effect size when controlling for time-invariant factors suggests that ethnicity outweighs the differences in age.
Turning to Panel D, we examine the intent-to-treat (ITT) effects, based on Equation (3) in Section 5. We also provide graphical evidence of these effects in Fig. 8 .
As expected, we see sizeable differences: all ITT coefficients are substantially lower as compared to the LATE estimates. Although the ITT effects are smaller in size, they still indicate that training led to a significant increase in non-farm self-employment and trade-specific employment of 9 and 13 percentage points, an average increase of 15 h per month of working time as well as an average rise in overall earnings of 572 NRs. The smaller effect sizes are to some extent due to the partial crossover between assignment groups (as we document above). Therefore, these coefficients can be interpreted as lower-bound estimates of the program effects.
Moreover, compliers in our sample may differ from non-compliers due to Nepal's labor market context, along with the program-specific targeting of particularly disadvantaged groups. Although the eligibility criteria of the program automatically exclude better-educated and nonpoor individuals, the sample of applicants is still quite diverse along various characteristics that might affect the magnitude of the return an applicant can expect from participation in the program: in caste, in gender, in educational attainment, and in baseline intensity of poverty. It is entirely possible that the complier-population may be a subgroup of individuals for whom the returns to participation are larger than for the overall sample. For example, individuals who comply with program assignment may be otherwise unable to secure a self-paid seat in a similar program due to extreme poverty or caste-and gender-based discrimination. At the same time, these particular groups of applicants likely also have lower baseline educational levels and higher returns to additional education as compared to the rest of the sample. Therefore, we interpret the complier-based LATE coefficient estimates as upper-bound estimates of the program's effects.
Gender-disaggregated program effects
We also examine program impacts disaggregated for men and women (shown in Tables 5 and 6). The results reveal striking differences in the program's effectiveness by gender. For all outcomes, except for the conditional and unconditional earnings variables, the LATE estimates are larger and significantly different for women as compared to men. Except for the earnings conditional on employment outcome, none of the effects for males are statistically significant. The coefficients are, in fact, negative for most of the outcomes. In contrast, most effects for females are statistically significant, except for non-farm wage-employment, and earnings conditional on employment. The ITT results paint a similar picture and, additionally, show weak evidence of non-farm wageemployment gains for women. In summary, women seem to gain on the extensive margin across most outcomes (i.e., employment rates, hours worked, and earnings) without significant gains on the intensive margin (i.e., conditional earnings). In comparison, men exhibit gains exclusively on the intensive margin.
Several factors could explain the differential gender impacts on employment outcomes. First, the EF introduced life-skills training for women, in 2010, in all of its training courses. Female students overwhelmingly responded positively to the life-skills training, often claiming that it was one of their favorite parts of the course. The skills learned and the positive experience in this life-skills training may contribute to the increased employment impact for women, which is line with the advice from experts in vocational training from around the world who increasingly advocate for the inclusion of life-skills in technical training programs. 33 Because all women received life-skills training, we ultimately cannot disentangle the influence of this particular factor from other program elements. Second, men exhibit higher non-farm baseline employment than women (49 percent compared to 18 percent for women) and therefore it is easier for women to make larger gains on the extensive margin. Third, women face higher labor market barriers as compared to men. We investigate this third potential explanation in Table 6 , where we examine time allocation decisions by men and women for paid versus unpaid work, inside and outside the household, more closely. The results in Table 6 present a compelling story: program impacts on employment seem to be strongly driven by women who start self-employment activities inside the house, whereas unpaid work inside the house, and activities outside the house, remain unaffected by the program. These results suggest that the program is particularly effective at placing women into income generating activities while they remain at homein this way, they conform to Nepal's social norms that restrict female mobility and bind them to household responsibilities.
Trade-wise program effects
We examine program effects by type of trade and we classify training courses into nine categories. The most common training categories are: Tailoring/Garment/Textile (e.g., galaicha weaving, garment fabrication, hand embroidery, tailoring and dressmaking), Construction/Mechanical/ Automobile (e.g., arc welding, brick molding, furniture making, motor bike service), and Electrical/Electronics/Computer (e.g., electric wiring, 33 Acevedo et al. (2017) , Adhvaryu et al. (2016) , Bandiera et al. (2017) , Ibarraran et al. (2014) , and Martinez (2011) show significant impacts of life-skills interventions on labor market or productivity outcomes; Groh et al. (2012) find significant impacts of life-skills training intervention on women outside Jordan's capital; Ashraf et al. (2017) find significant impacts of a life-skills intervention among adolescent girls on subsequent human capital investment decisions in Zambia. In the Dominican Republic, Acevedo et al. (2017) examine the effectiveness of a life-skills intervention for men and women and, in fact, find higher effect sizes of the intervention on women. Adhvaryu et al. (2016) , Bandiera et al. (2017) , AGI (2013), USAID (2015), and Katz (2008) provide arguments for inclusion of life-skills (either alone or bundled with vocational training) targeting women in developing countries. computer hardware technician, and mobile phone repair). These are followed by trainings related to Food preparation/Hospitality skills, Beautician/Barber skills, and Handicraft/Incense making skills. Finally, a few events in our sample are related to Farming, Poultry, and Security Guard skills training. Table 7 shows the breakdown of courses by trade. Although the EF specifically tried to encourage female participation in non-traditionally female trades, most of the training courses tended to be heavily gender-segregated. For example, men tended to dominate electronics and construction courses, whereas the tailoring, handicraft, and beautician training sessions were almost exclusively comprised of women. Table 8 examines program impacts for the six most common training categories. Due to the low number of courses and participants, we Notes: Standard errors adjusted for clustering at event level reported in parentheses. Panel A presents second stage results. In both panels, each cell represents a treatment effect retrieved from a regression, which includes the group variable, an interaction term of the group variable with the training or assignment indicator, the total score, the relative score (forcing variable), and an interaction of the relative score with the assignment variable as counterfactuals, as well as a constant. Difference is the coefficient of the interaction term with the group variable from the respective regression. For comparability, all estimates are conducted within the same bandwidths as in Panel B, Table 4 . Non-farm wage IGA and Non-farm self IGA are only available for 2011 and 2012 cohorts. ***, **, and * denote significance at the 1, 5, and 10 percent level. Notes: Standard errors adjusted for clustering at event level reported in parentheses. Panel A presents second stage results. In both panels, each cell represents a treatment effect retrieved from a regression, which includes the group variable, an interaction term of the group variable with the training or assignment indicator, the total score, the relative score (forcing variable), and an interaction of the relative score with the assignment variable as counterfactuals, as well as a constant. Difference is the coefficient of the interaction term with the group variable from the respective regression. ***, **, and * denote significance at the 1, 5, and 10 percent level.
dropped the remaining three categories from the analysis. Table 8 shows that the impacts of the skills training program differed markedly by type of trade. Trainings in beautician and tailoring consistently show strong impacts on employment-graduates of these training programs are more likely to have any (non-farm) employment and are also more likely to be working within the trade for which they were trained. Both trades also show large impacts on monthly hours worked and some of the earnings indicators.
For the remaining four trades, we do not detect conclusive, and significant, positive impacts. The coefficients of the trainings related to food preparation and hospitality even seem to reflect some negative influence of training on labor market outcomes (although these coefficients are mostly insignificant). Overall, the results in Table 8 reveal substantial heterogeneity in employment and earning outcomes across the various types of training. The positive, and significant, impacts previously discussed are driven almost entirely by two categories of trades: beautician training and tailoring, both of which are almost entirely occupied by female trainees, which is in line with the large gender-differences in program impacts presented earlier.
Robustness checks
Next, we present a number of consistency checks to investigate whether our estimates are within a reasonable range. We also provide additional robustness checks to address possible identification threats related to attrition issues or specification choices. Notes: Standard errors adjusted for clustering at event level reported in parentheses. Panel A presents second stage results. In both panels, each cell represents an estimate from a separate regression, which includes the group variable, an interaction term of the group variable with the training or assignment indicator, the total score, the relative score (forcing variable), and an interaction of the relative score with the assignment variable as counterfactuals, as well as a constant. For comparability, all estimates are conducted within the same bandwidths as in Panel B, Table 4 . Non-farm wage IGA and Non-farm self IGA are only available for 2011 and 2012 cohorts. ***, **, and * denote significance at the 1, 5, and 10 percent level. Notes: Standard errors adjusted for clustering at event level reported in parentheses. Each cell in Panel A and B represents an estimate from a separate regression, which includes the total score, the relative score (forcing variable), and an interaction of the relative score with the assignment variable as counterfactuals, as well as a constant. Panel C presents second stage results. For comparability, Panel B, C, and D estimates are conducted within the same bandwidths as in Panel A. ***, **, and * denote significance at the 1, 5, and 10 percent level. Notes: Standard errors adjusted for clustering at event level reported in parentheses. Panel A presents second stage results. In both panels, each cell represents a treatment effect retrieved from a regression, which includes the group variable, an interaction term of the group variable with the training or assignment indicator, the total score, the relative score (forcing variable), and an interaction of the relative score with the assignment variable as counterfactuals, as well as a constant. Difference is the coefficient of the interaction term with the group variable from the respective regression. ***, **, and * denote significance at the 1, 5, and 10 percent level.
Magnitude of program impacts
Second Follow-up. Most of the employment results we find are driven by self-employment activities and, hence, they do not seem to be a direct effect of the job-search-assistance component of the program. Still, providers could eagerly support trainees even in their entrepreneurial efforts in order to secure the last two installments of the EF payments. The EF verified placement 3 and 6 months upon training completion and released the final payment installment to providers, if and only if, they verified that trainees were in fact engaged in gainful employment. Therefore, it is possible that the employment effects we detect 9-11 months upon completion of training might be a mechanical effect of the program design. To examine this hypothesis, we investigate data on a sub-sample of training applicants, for whom a second follow-up survey (21-23 months after end of the training) was collected. Approximately half of the applicants from the 2010 cohort were randomly selected to participate in this second follow-up survey. The survey team tracked and re-interviewed 634 individuals (79.5 percent) who were also interviewed at baseline. Using data from the follow up survey, we re-run the specifications from Table 4 , Panel B and D, as well as the ones presented Tables 5 and 6 on medium-term outcomes. Tables 9 and 10 present the results.
We find that most of the main effect estimates, presented in Table 9 's Panel A and B, are in the range of the estimates we found using the first follow-up data for the pooled sample. Strikingly, some of the estimates are slightly larger. In particular, we find statistically significant estimates for non-farm employment, trade-specific employment, and gainful employment rates of 40, 33, and 40 percentage points, respectively, for the compliers (LATE) as well as 16, 14, and 16 percentage points, respectively, for the individuals assigned to training based on the intentto-treat approach (ITT). Because the 2010 data do not include information on whether non-farm employment is based on wage-or selfemployment, we cannot make inferences on what drives the results in that dimension. However, when we investigate the medium-term disaggregated effects for the 2010 cohort, we find a slightly different pattern in comparison to the pattern based on the short-term impacts for the pooled sample. Although the coefficients for females are still positive, slightly lower in magnitude, and insignificant (possibly a result of reduced statistical power), we now find positive employment effects for men. Specifically, the non-farm and trade-specific employment rates for male compliers rise by 50 and 48 percentage points, respectively, while the medium-term male ITT effects show an increase of 19 and 18 percentage points, respectively.
Program impacts on time-use (reported in Table 10) show negative but insignificant coefficient estimates for female paid work outside the house and positive but insignificant coefficients for women who perform paid work inside the house. For men, the coefficient estimates of both paid work inside and outside the house are positive but statistically insignificant. Although we do not detect statistically significant results, one could cautiously interpret them as somewhat suggestive evidence that medium-run employment rates for women, and to some extent for men, are also driven by self-employment activities.
EF Verification Data. For verification and monitoring purposes of program outcomes, the EF collected information on trainees' labor market outcomes. We retrieved information on these outcomes in aggregated form from four reports published by the EF from 2011 to 2013. 34 As another robustness check of our results, we compare these aggregated employment and earnings data from the EF with the data from our surveys (reported in Table 11 ).
Based on the aggregated data, the share of trainees employed was 91 percent, six months after training completion, for the 2012 graduates. The share of trainees in gainful employment (i.e., monthly income > 3000 NRs) three and six months after completion of training was between 79 and 81 percent for the three cohorts. The employment rates, on the other hand, based on the self-reported data from our survey, range from 57 to 62 percent (9-11 months and 21-23 months after training completion). This comparison suggests that the numbers, based on the self-reported survey, are generally lower than those reported in the EFverified data, which is consistent with the fact that providers receive their full payment after the six-month verification and that they have no additional incentives to support the job search of trainees. The rates for gainful employment are still relatively high among successful trainees at the time of our first and second follow-ups. Given that the employment rates at the three-and six-month mark are much higher, our estimates seem within a reasonable range. In Fig. 9 , we also compare the earnings numbers based on the EFverified data with the information from our first and second follow-up surveys. Given the growth trajectory of gainfully employed trainees' earnings over the first six months, post-training, the data based on the self-reported surveys seems reasonable and consistent with the overall pattern of the growth in earnings. Based both on this robustness check and also on the results from the 2010 cohort's second follow-up, we provide additional evidence consistent with the notion that our estimates are plausible.
Differential attrition
As in all panel studies, our estimates could be affected by a group-wise differential attrition. For instance, if trainees who are not admitted to the course choose to migrate for work abroad and if these are the most able and employable candidates of the control group, we would have an upward bias in our estimates. Therefore, in Table A4 of Appendix A, we explore the possibility of "differential attrition" and show no evidence to support it. Table A4 shows the results of a panel-based regression with attrition status as a dependent variable on a set of covariates for both the first follow-up (Columns 1 to 4) and the second-follow-up (Columns 5 to 8). All models are estimated based on the reconstructed score. In order to avoid the dropping of observations due to missing values in the control variables, Columns (3), (4), (7), and (8) include indicators that respectively flag missing values for each of the control variables. The regression results indicate that attrition is not correlated with assignment status in either wave.
Alternative bandwidths
To investigate the robustness of our results relative to bandwidth choice, we re-estimate our main specifications using bandwidths within 2, 3, 4, 5, and 10 index scores of the threshold based on the reconstructed score. Table A5 presents the results, showing that overall our estimates are relatively stable both in statistical significance and in coefficient magnitude. For most outcomes, the magnitudes of the effect sizes increase with lower bandwidth choice. Only for non-farm self-employment are the effect sizes reduced by a half in the full sample. However, the effects for the female sub-sample are still large, positive, and significant using a bandwidth of 3 (ITT: 11, LATE: 36 percentage points, not shown in table) and, although still similar in size, they become insignificant at a bandwidth of 2 (ITT: 9, LATE: 32 percentage points, not shown in table).
Propensity score approach
As a robustness check for estimates of program impact, we also employ a combination of differences-in-differences and a propensity score matching technique (Meyer, 1995) . This approach, in the context of training programs, has the potential to purge possible differences between observable characteristics for trainees and non-trainees following Dehejia and Wahba (2002) . The results based on this approach are presented in Appendix B, and they essentially confirm the pattern of the analysis using the regression discontinuity setup in the main paper.
Discussion and conclusion
Training interventions have been hailed as one potential solution to facilitate youth transition to productive employment and higher earnings worldwide. Although previous evaluations of training programs, based on observational designs, typically show positive and statistically significant impacts of training on the probability of having a job and on labor market earnings, recent experimental interventions from middle-and high-income countries find little or no impact on employment and modest gains in earnings. Using a regression discontinuity design in the context of a large vocational training program in Nepal, we find very large positive and statistically significant effects from the training program on female employment, hours worked, and earnings. These effects, in particular, are driven by women who engage in non-farm self-employment activities carried out inside (but not outside) the house.
In line with the few other existing studies on similar programs in lowincome countries, our estimates of the employment effects of this training intervention are among the largest for training programs around the world. Features of the low-income background, the South Asian context, and the specific training intervention likely account for the large program impacts that we find. First, our program impacts are likely driven by a lack of alternative employment, skill training opportunities, and by extremely low education levels. Both of these phenomena are much more pronounced in the context of Nepal when compared with the context of the most recent experimental interventions from middle-income countries (i.e., in Latin America), especially so for women.
A second explanation behind the large program impacts relates to the extremely restrictive social norms regarding female labor force participation in Nepal. We find large program impacts on self-employment, especially inside the home, and these program effects are likely driven by social norms that prevent women from otherwise being active in the labor market. Restrictive norms regarding women entering the labor force exist in many regions of the world, but they seem to be particularly strong and restrictive for women in South Asia (World Bank, 2011; Asian Development Bank, 2015; Booth, 2016) . Largely influenced by the Hindu philosophy on women's positions in society, Nepalese women face gender-based employment barriers due to restricted mobility, cultural norms, and societal norms as a result of gender expectations for certain occupations.
Finally, the EF training program was designed around employment outcomes such that training providers had to complete market assessments to ensure future employability with respect to the individually assigned trades. The training program was also bundled along with services, such as job placement, life-skills training, and business training, all of which likely also contributed to its effectiveness. Perhaps, most importantly, the program was directly tailored to the needs of the target population, and training providers were incentivized and closely monitored to accomplish their output.
Our results have important implications for the design and implementation of future training interventions in low-income countries. The empirical analysis presented here suggests important lessons for the successful modeling of effective labor market interventions where youth and female unemployment is a challenge. Notes: *If candidates did not fulfill the course specific education prerequisites they were not eligible for short-listing and immediately rejected. In exceptional cases (approx. 9 percent of the sample) this criterion was not adhered to and instead applicants received 0, 5, or 10 points. When reconstructing this component, we therefore allow for integer values between 0 and 3.
Table A2
Develeopment status of Nepal districts.
Table A3
Correlation of 5th sub-score with other score components.
Sub-Score 5 Sub-Score 5 Sub-Score 5
(1) (2) (3)
Aggregated Sub-Scores 1 to 4 À0.220*** (0.021) Sub-Score 1 (Trade-specif. Edu.) 0.117* (0.062) 2.752*** (0.431) Sub-Score 2 (Econ. Poverty) À0.182*** Notes: All models include event dummies. ***, **, and * denote significance at the 1, 5, and 10 percent level, respectively. Notes: All models include district and training provider dummies. In Columns (3), (4), (7), and (8) indicators are included which flag missing values for each of the control variables, respectively. All models are estimated based on the reconstructed score. The difference in sample size between the initial baseline sample and the sample we use in this analysis arises due to missing values in the variables that were necessary to reconstruct the score variable, which determines assignment. All standard errors are clustered at event level. ***, **, and * denote significance at the 1, 5, and 10 percent level, respectively. Notes: Standard errors adjusted for clustering at event level reported in parentheses. Panel A presents second stage results. In both panels, each cell represents an estimate from a separate regression, which includes the total score, the relative score (forcing variable), and an interaction of the relative score with the assignment variable as counterfactuals, as well as a constant. Non-farm wage IGA and Non-farm self IGA are only available for 2011 and 2012 cohorts. ***, **, and * denote significance at the 1, 5, and 10 percent level.
B. Robustness tests based on propensity score techniques
We estimate:
Y it is the employment outcome of interest for individual i from training event j at time t; Treat i is an indicator, equal to 1 for the treatment group and 0 for control; A it is an indicator for the period when treatment occurs; u i captures program effects; v t captures the time effects, ε it , is an idiosyncratic error term, clustered by training event. After estimating a propensity score, 35 we derive the estimated treatment effect using two methods: "inverse propensity score weighting" (IPSW) and nearest neighbor matching (NN). In the IPSW method individuals are weighted according to the inverse of their estimated propensity to participate in the program. The weighted observations are then used in a DID regression. We present this method estimates under the IPSW specification in the Appendix B tables. 36, 37 The NN matching algorithm, in which each individual in the treatment group is compared to a fixed number of control observations (in our estimation we use four observations) with the closest propensity score. We present "NN specification" in Appendix B. Following Smith and Todd (2005) , we estimate the difference-in-difference matching estimator for the training program effect δ as follows: 35 We employ various specifications, including the individual training score, the individual training score and demographic variables, the five subinterview scores and finally the demographic variables plus provider/district/cohort/city fixed effects. The results are stable across various specifications though we report the last specification based on demographic variables plus provider/district/cohort/city fixed effects because that specification yields the best overlap of treatment and control unit distributions in the common support area. 36 We implement IPSW following Hirano et al. (2003) . 37 This particular weighting method, as opposed to matching approaches, has the nice property of including all the data (unless weights are set to 0) and does not depend on random sampling, thus providing for replicability. We use a weighted least squares regression model, with weights of 1/π^for the treatment group and 1/(1-ð^) for the control group, where π^is the estimated propensity score from (2). Standard errors are clustered by training event. Notes: Standard errors (reported in brackets) clustered at the event level where possible. Younger women (aged 16 to 24) compared to older women (age 25 to 35). *** Significant at the 1 percent level. ** Significant at the 5 percent level. * Significant at the 10 percent level.
